This paper presents a stepwise voxel-based filtering algorithm for mobile LiDAR data. In the first step, to improve computational efficiency, mobile LiDAR points, in xy-plane, are first partitioned into a set of two-dimensional (2-D) blocks with a given block size, in each of which all laser points are further organized into an octree partition structure with a set of three-dimensional (3-D) voxels. Then, a voxel-based upward growing processing is performed to roughly separate terrain from non-terrain points with global and local terrain thresholds. In the second step, the extracted terrain points are refined by computing voxel curvatures. This voxel-based filtering algorithm is comprehensively discussed in the analyses of parameter sensitivity and overall performance. An experimental study performed on multiple point cloud samples, collected by different commercial mobile LiDAR systems, showed that the proposed algorithm provides a promising solution to terrain point extraction from mobile point clouds.
INTRODUCTION
Airborne Light Detection and Ranging (LiDAR) technology has been proven to be a useful tool for describing detailed digital terrain models (DTMs) with the advantages of no effects of relief displacement, penetration of vegetation, insensitivity to lighting conditions, large data coverage, etc. In many literatures, the existing DTM generation methods (also termed filtering) are classified into the following categories: slope-based filtering, linear prediction-based filtering, morphology-based filtering, statistics-based filtering, and other filtering methods.
Closely followed by airborne LiDAR, mobile LiDAR technologies have been rapidly developed. A mobile LiDAR system (i.e. a laser scanning system deployed on the top of a land-vased vehicle), can fully capture road environments along survey roads in a form of 3-D point clouds Yang and Dong, 2013) . Compared to an airborne LiDAR system, mobile LiDAR acquires data at a much higher point density and more complete data coverage (Fang and Yang, 2013; Guan et al., 2016b) . Due to its "drive-by" data acquisition means, Mobile LiDAR technology has potentials to road-scene object inventory mapping, including any road-scene structure, road pavement, traffic signaling devices, buildings, trees, power-lines, etc. Most studies interpreted mobile LiDAR point clouds by developing different road detection/extraction algorithms, in terms of road geometric shape, the use of road geometric features and LiDAR data characteristics, data format, the use of classification methods, and eternal data sources.
Similar to airborne LiDAR point cloud processing, the primary task of mobile LiDAR point cloud processing is to extract terrain data from the primitive point clouds, that is, mobile LiDAR point cloud filtering. Usually, most filtering methods, which were originally developed for airborne LiDAR data, assume that the lowest point in a neighborhood is a terrain point. However, compared to the looking-down view patterns of airborne LiDAR systems, which are more likely to generate uniform point densities, mobile LiDAR systems with side view patterns collect very dense data close to the scanner path and less dense data farther away from the scanner path. Points belonging to road surface account for a great portion of the collected mobile LiDAR data. Thus, the established airborne LiDAR filtering algorithms are unsuitable for retrieving non-terrain points from mobile LiDAR data. Compared with airborne LiDAR, terrain extraction methods of mobile LiDAR point clouds are still under developing.
Most current mobile LiDAR filtering methods are based on the principles, theories, and assumptions of airborne LiDAR filtering methods. For example, by means of the widely used triangular irregular network (TIN) progressive filtering method, reference (Fang et al., 2015) extract terrain patch segmentation. The other TIN-based methods can be found in literature (Wei et al.,2014; Liu et al.,2015) . Iterative processing is feasible for airborne LiDAR data because of relatively low point density. However, such iterative processing methods are impractical for mobile LiDAR data because their point density far away higher than airborne LiDAR's.
In the light of the characteristics of mobile LiDAR data (e.g., high point cloud density (Shi et al., 2005; André s and Beatriz, 2013) , side-view laser scanning mode Cabo et al., 2015) , elevation difference of multiple echoes), many filtering algorithms were developed accordingly. Reference (Shi et al., 2005) , based on point density information, transformed three-dimensional (3-D) mobile LiDAR data into two-dimensional (2-D) images, on which terrain features were extracted by a segmentation strategy. and Cabo et al. (2015) proposed a scan-line based filtering method, which separated terrain and non-terrain points using elevation differences scan-line by scan-line. Wu et al., (2007) and Tian et al., (2013) , by using grid structure, separated terrain from non-terrain points. Lu et al., (2014) mobile LiDAR data under different terrain conditions. However, the aforementioned methods might be feasible for relatively-flat urban areas, and is ineffective for high point-density and large survey-scene mobile LiDAR data. Thus, this study presented a voxel-based terrain extraction method, which contributes to the improvement of mobile LiDAR processing efficiency.
OUR METHOD
The proposed filtering algorithm is two-step strategy: (1) rough terrain points are determined from mobile LiDAR points using a voxel-based upward-growing method; (2) terrain points are refined by using voxel curvature computation. Before terrain filtering, a whole survey scene is first partitioned into a set of blocks, Bi (i = 0, 1, 2,…, N. N is the number of blocks) with a given data-block size Γb. The data division processing means contributes to computational efficiency improvement by making use of multi-thread and distributed computing methods. Each data block can be parallelly processed using the proposed filtering algorithm detailedly described in the following subsections.
Octree-based Voxelization
Although the whole scene is divided into a set of data blocks, each data block still contains a large volume of points due to the close-range scanning pattern of a mobile LiDAR system. Moreover, each data block contains different object types. If all points in each data block are calculated the geometrical parameters of scene objects, leading to unreliable and ambiguous description and representation of scene objects in complex environments.
An octree is a data structure represented by a tree, in which each branch contains eight nodes, and therefore is commonly used to partition 3-D space into voxels (Truong-Hong and Laefer, 2014; Su et al., 2016) . In this work, the whole 3-D points are equally and recursively partitioned into eight voxels until reaching a predefined sub-division depth or all voxels containing less than the predefined point number. Note that the octree has been used for the storage, segmentation, and compression of huge 3-D point clouds (Wang and Tseng, 2011; Elseberg et al., 2013; Su et al., 2016) , as well as visualization (Wurm et al., 2010) . The input 3-D points are recursively partitioned into voxels with a given voxel size, vp. The value of vp is determined based on the average point density of the collected mobile LiDAR data. The selection of voxel size significantly influences computational complexity and segmentation performance. Vo et al. (2015) presented the formula of voxel size selection, and stated that voxel size is partially controlled by point density through a set of experiments performed on points with different point density. The partition process continues until termination criteria are satisfied. In this study, we choose two termination criteria -the residual threshold, rth, and minimum voxel size, vmin. The residual threshold is used to adaptively split the octree according to local surface planarity; that is, larger voxels appear at smooth regions (e.g., terrain, traffic-sign plates, building facades, and roads), smaller voxels present at edges, undulate terrain, rough objects (e.g., trees, grass), corners, etc. The minimum voxel size is defined close to point density. Based on the given voxel size, Γv, a point cloud block is partitioned into a set of voxels, vj, j = 1, 2, …, Nv, where Nv denotes the number of voxels.
Voxel-based Upward Growing
For each voxel, vj, 26 neighbors (Lj, j = 1, 2, …, 26) are distributed along X-, Y-, and Z-directions. According to scanning characteristics of a mobile LiDAR system, objects above ground surfaces (e.g. traffic light poles, trees, etc.) contain a large number of laser points in the direction of Z-axis, leading to a clear profile representation of these objects. Starting with any a voxel, an upward growing algorithm is recursively performed; that is, voxel, vj, grows up to its nine neighbors, L1 -L9 , which are located above the voxel; then, each neighbor continues to grow upward to its corresponding neighbors. The upward growing algorithm stops when no more voxel can be reached.
Rough Terrain Extraction
Normally, we assume that the lowest points in elevation has high possibility of terrain points. Through upward growing, voxels are grouped into a set of voxel clusters, Ck, k = 1, 2, …, Nc, where Nc denotes the number of voxel clusters. In a voxel cluster, the highest voxel, vhighest, in elevation is justify to determine whether the voxel cluster is labelled as "terrain" or "non-terrain" based on the following two parameters: (1) Local elevation difference (elocal): which represents the difference between vhighest and the minimum elevation of a voxel in a local neighborhood.
(2) Global elevation difference (eglobal): which represents the difference between vhighest and the minimum elevation of a voxel in the whole scene. Accordingly, the following two criteria are used to determine whether the voxel cluster is labelled as "terrain" or "nonterrain": (1) If elocal lies below a predefined local elevation threshold (he) and eglobal is smaller than a given global elevation (hg), the voxel cluster is labelled as "terrain".
(2) Otherwise, the voxel cluster is labelled as "non-terrain", and removed from the data.
The local elevation threshold, hg, contributes to…. ; the global elevation threshold, he, helps…….
Voxel Curvature-based Terrain Refinement
The above steps can eliminate the majority of non-terrain points. To further remove non-terrain points from terrain points, we propose a voxel-based curvature-based terrain refinement strategy based on the assumption that a terrain surface is locally continuous. For each voxel, we calculate its curvature using all points within the voxel. Let covariance matrix is computed as:
Where Ci is the symmetric and semi-positive definite matrix;
e , 2 e , 3 e } are the eigenvectors, { 1 
EXPERIMENTAL DATASETS OF MOBILE LIDAR DATA
To verify the reliability of the proposed voxel-based terrain extraction algorithm, we conduct experiments on three experimental datasets collected by different mobile LiDAR systems. These datasets are detailed as follows. Experimental dataset MLSD-1: the dataset was acquired along the urban roads in Xiamen City, China, by a RIEGL VMX-450 LiDAR system, which contains two RIEGL VQ-450 laser scanners. The specification of the RIEGL VMX-450 system claims that the system can achieve a maximum effective measurement rate of 1.1 million points per second and a scan speed of 400 lines per second. In this study, point density stands for the number of points per square meter and sharply drops perpendicular to the line of travel. With a vehicle driving speed of 30 km/h, the system collected ~7,000 points/m2 on the road surface within the range of 2.5 m, a much lower point density of 1,600 points/m2 on the pavements 20 m away from the scanning center. This complete survey was carried out once in a forward direction and once in a backward direction along the road, thus the collected data are an integration of the data collected from four scanners (Forward direction-two RIEGL VQ-450 scanners; backward direction-two RIEGL VQ-450 scanners). We selected a road section of about 48.57 meters, containing about 6.8 million points (see Fig. 3(a) ).
Experimental dataset MLSD-2: the dataset was collected by a ROAMER mobile LiDAR system with a sampling frequency of 48 Hz. The average point density of this survey is around 200 points/m 2 . The study area is a two-lane road section with a "T-type" crossing. We selected a road section of 71.28 meters, including 0.788 million points (see Fig. 3 (b) ).
Experimental dataset MLSD-3: the dataset was collected by an Optech Lynx mobile LiDAR. This survey area is a typical urban street in Finland, Helsinki. Tall and large buildings are located along two sides of the surveyed street. We selected a road section of 131.69 meters, including 8.66 million points. The selected road section is featured by a crossroad, several tram tracks, and overhead trolley-bus wires. The average point density is 700 points/m 2 (see Fig. 3 (c) ).
EXPERIMENTS AND ANALYSIS
To evaluate the performance of the proposed terrain extraction algorithm, two type errors were used: Type I and Type II errors. Type I error defines the percentage of terrain points incorrectly classified as non-terrain points; whereas Type II error defines the percentage of the non-terrain points are wrongly classified as terrain points. Type I error presents loss of accuracy and type II error presents deterioration of the quality of digital elevation mode. In addition, comprehensive accuracy refers to the percentage of the total number of terrain and non-terrain points and the total number of laser points in all the cloud data. Therefore, three indicators: Type I error, Type II error, and comprehensive accuracy are used for evaluating filter algorithms. The reference data used for precision evaluation of terrain and non-terrain points are mainly manually assisted marking. Experiments were tested on a personal computer with a 3.30-GHz Intel(R) Core(TM) i3-2120 central processing unit.
Parameter Sensitivity
The aforementioned three datasets are used to investigate the applicability of the proposed voxel-based terrain extraction method, in which the following five parameters are used: 2-D block size ( . In this section, we designed four groups of experiments to investigate the sensitivity of the proposed voxel-based terrain extraction method to the selection the size parameters Γb and Γv, as well as the elevation parameters hg and he.
In the first group, we maintained Γv = 0.05 m, he = 0.5 m, and hg = 4.5 m, and varied Γb from 1.0 m to 9.0 m with an interval of 2.0 m. Fig. 4 shows the experimental results for these three datasets. As shown in Figure 4 , for MSLD-1, Type I error, Type II error, and overall accuracy dramatically vary with the parameter Γb increasing from 1.0 m to 3. 0 m, and tend to be stable as Γb changing from 5.0 m to 10.0 m. For MSLD-2, when Γb changes from 1.0 m to 10. 0 m, Type I error increases from 0.34% to 4.53%, whereas Type II error decreases from 8.76% to 2.18%. The overall accuracy slightly changes around 97%. Similarly, for MLSD-3, the optimal values of Type I error and overall accuracy, respectively, are 2.97% and 97.80% when Γb = 5.0. As such, in our study, the better terrain extraction results in Type I error, Type II error, and overall accuracy were obtained at Γb = 3.0 or 5.0. Fig.5 shows the results for these three datasets. As shown in Figure 5 , with the parameter Γv from 3.0 cm to 12.0 cm, Type I errors for all three test datasets increase slightly and tend to be stable. For all datasets Type II error and overall accuracies tend to be stable with the increasing of Γv, and then decreases slightly. In this paper, the Γv value of 0.05 obtained the better terrain extraction performance. Fig.6 shows the results for these three datasets. As shown in Fig. 6 , Type I errors for all these three datasets gradually decreased with the increase of hg. Type II errors for MLSD-1, -2, and -3 datasets tend to be stable. Type II errors for MLSD-3 greatly increase from 2.71% to 11.03% when the parameter hg increases.
The main reason behind this phenomenon is that, for MSLD-3 covering a relatively flat urban area, an increasing value of hg results in a large number of "non-terrain" points were misclassified as "terrain" points, leading to a rapid growth of Type II errors. As shown in Fig. 6 , when hg = 0.5 m, the terrain extraction results of all these four datasets exhibit good performance. Fig.7 shows the results for these three datasets. As shown in Fig. 7 , For MSLD-1, Type I and II errors greatly decrease when the parameter he increases; conversely, overall accuracy, for MSLD-1, greatly increases when he changes from 4.0 to 7.0 m and tends to be stable since he = 7.0 m. For MSLD-2 and 3, Type I error, and Type II error, and overall accuracy tend to be stable. The reason behind this phenomenon is that he mainly controls terrain fluctuation in the whole scene of 3-D point clouds, which can maximally guarantee our method can deal with the scenes with varying degrees of terrain relief. In this study, the best terrain extraction performance obtained at he = 5.0 m or 6.0 m.
The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLII-3, 2018 ISPRS TC III Mid-term Symposium "Developments, Technologies and Applications in Remote Sensing", 7-10 May, Beijing, China Fig.8 shows the running time results for these three datasets. As shown in Fig.8 , the runtime greatly grows as the 2-D block size increases at any a fixed 3-D voxel size. This is because the larger the 2-D block size, the more points to be processed. On the contrary, the runtime decrease as the 3-D voxel size increases at any a fixed 2-D block size. The main reason is that the smaller the 3-D voxel size, the more the number of the generated 3-D voxels, in each of which less points are included, leading to a decrease of the time complexity.
To qualitative access the proposed terrain extraction method, we used Γb = 5.0 m, Γv = 5.0 cm, hg = 0.5 m, and he = 5.0 m based on the parameter sensitivity and time complexity analyses. Fig.9 shows the terrain extraction results from three different mobile LiDAR datasets. As shown in Fig.9 , the separated "terrain" points and "non-terrain" are demonstrated at first and second rows, respectively; the third row shows the labeled "terrain" and "non-terrain" points.
(a) (b) (c) Fig. 9 Sketch maps of the results of terrain extraction using space voxels: (a) MLSD-1, (b) MLSD-2, and (c) MLSD-3
CONCLUSION
We have proposed a novel method for extracting terrain points from mobile LiDAR point clouds. The presented terrain extraction method combined the following: 1) 2-D block segmentation, which c; 2) voxel-based terrain extraction using upward growing; 3) terrain point refinement. The performance of our terrain extraction method was validated by three different mobile LiDAR datasets acquired by RIEGL VMX450, ROAMER, and Lynx systems, respectively. Parameter sensitivity analyses showed that local and global terrain thresholds mainly control the quality of the extracted terrain; while 2-D block size and 3-D voxel size have a great impact on the efficiency of data processing. Qualitatively, our method demonstrated promising crack extraction performance. Our research on terrain extraction from mobile LiDAR data provides valuable insights into point-cloud processing at all levels of survey or survey-related agencies. We will make further efforts to extend our method to the applications in terrain extraction from all types of point clouds, such as airborne LiDAR points.
ACKNOWLEDGEMENT
This work was supported in part by the Natural Science Foundation of Jiangsu Province under Grant BK20151524, in part by the National Natural Science Foundation of China under Grant 41501501.
